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Abstract

:

Combining remote sensing images with deep learning algorithms plays an important role in wide applications. However, it is difficult to have large-scale labeled datasets for remote sensing images because of acquisition conditions and costs. How to use the limited acquisition budget to obtaina better remote sensing image dataset is a problem worth studying. In response to this problem, this paper proposes a remote sensing image quality evaluation method based on node entropy, which can be combined with active learning to provide low-cost guidance for remote sensing image collection and labeling. The method includes a node selection module and a remote sensing image quality evaluation module. The function of the node selection module is to select representative images, and the remote sensing image quality evaluation module evaluates the remote sensing image information quality by calculating the node entropy of the images. The image at the decision boundary of the existing images has a higher information quality. To validate the method proposed in this paper, experiments are performed on two public datasets. The experimental results confirm the superiority of this method compared with other methods.
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1. Introduction


Aerial scene classification aims to label aerial images with specific semantic categories and is a fundamental problem in understanding high-resolution remote sensing images [1]. In recent years, the combination of remote sensing image understanding and advanced methods such as deep learning has greatly improved the perception effect [2,3]. However, deep learning algorithms have a large demand for data. Traditional image classification datasets can easily have large amounts of labeled data. CIFAR-10 [4] has a total of 60,000 images with 6000 images in each class. In 2016, the ImageNet [5] dataset even had over 10 million images. However, for remote sensing images, it is not a good choice to blindly expand the dataset. Because blindly expanding will bring the problem of increasing the cost of collection, labeling, and training [6,7]. The remote sensing image information quality evaluation method is needed to guide the collection and labeling of remote sensing datasets, so that less costs can be used to achieve better intelligent perception effect.



In recent years, in order to reduce the required number of labeled images and reduce the cost, active learning [8] has been developed. The core idea of active learning is according to the sample selection strategy, the model actively selects samples from the pool set for label inquiry and adds these samples to the training set after being labeled by experts. This model can obtain similar or even better results than using a large number of randomly selected samples for training. The design of the sample selection strategy is the key to active learning. The goal is to select samples that are more helpful to the task performance of model training, that is, to select samples with higher sample information quality. Existing active learning algorithms can be roughly divided into uncertainty-based, diversity-based, and model parameter variation-based methods [9]. In the uncertainty-based method, the core idea is to select data that are not easily discriminated by the network to participate in training [10]; in the diversity-based method, the core idea is that the selected data should be distributed as discretely as possible to avoid excessive redundant data being selected [11]; in the model parameter variation-based method, the core idea is that the selected data have more impact on the model. For example, selecting data that can reduce the loss value more [12].



In essence, active learning is to evaluate the information quality of the data, and then the model selects the data with high data information quality for label query [13]. Different from the traditional human-oriented quality evaluation, what is needed here is a network model-oriented data information quality evaluation method. Most of the previous data information quality evaluation methods are based on a single point of view, and the selected data have limitations, such as only considering uncertainty or only diversity, and do not integrate multiple methods. The improvement of model performance is often unsatisfactory. Aiming at the above problems, this paper proposes a method for evaluating the information quality of remote sensing images via node entropy. On the one hand, the information quality evaluation method of node entropy considers the representativeness of the data and avoids labeling too many redundant data. On the other hand, considering the diversity and uncertainty of the data, the selected data should locate at the representative boundary of each node image as much as possible, that is, at the center of the image nodes. On the basis of the remote sensing images information quality evaluation method via node entropy, we combined this method with the active learning strategy to realize the guidance of remote sensing image collection and labeling.



Our contributions are as follows:




	(1)

	
Propose a new remote sensing image information quality evaluation method, which can effectively distinguish the information quality of remote sensing images. Combine this method with the active learning strategy can save the image collection cost.




	(2)

	
Propose a image node selection method and an image information quality evaluation module via node entropy. The combination of these two methods can effectively consider the uncertainty and diversity of image collection while reducing the redundancy of image collection.




	(3)

	
On two public datasets, it achieves better results than other active learning methods on the task of aerial scene classification.










2. Related Work


Aerial scene classification provides an important basis for earth observation [14] and provides great help for urban planning [15], land use [16], and environmental monitoring [17]. The aerial scene classification technologies in the past decades can be roughly divided into three classes: methods based on low-level feature descriptors, methods based on middle-level visual representations, and methods based on deep learning [18]. The methods based on low-level feature descriptors mainly distinguish aerial scenes based on low-level visual features such as color and texture [19]. This method has limited performance in classifying aerial scene images with complex semantics. The methods based on middle-level visual representations mainly combine the local visual features extracted by the low-level feature method into a high-order statistical mode to construct the overall representation of the aviation scene [20]. This method needs artificially aided design and has poor generalization ability in the face of a large number of classified images of aerial scenes. The methods based on deep learning use neural networks to test the images after training, which can effectively solve the problems caused by the two methods mentioned above [2,21,22,23]. However, the methods based on deep learning have a fatal problem; that is, the amount of data required for network training is huge, which may not be obvious for the classification of ordinary images, but it is particularly prominent in the field of aerial scene classification, which is a high-cost and time-consuming field of image acquisition.



In order to solve the problem that methods based on deep learning need a large amount of data, but it is difficult to obtain data in some fields, few-shot learning is being widely studied. The research direction of few-shot learning can be summarized in two aspects: from the perspective of model and from the perspective of data. Researchers who focus on the network model of few-shot learning have proposed a prototype network [24] and a relational network [25]. Some researchers also pay attention to the data and put forward a variety of active learning strategies. Active learning is a technology in which the network independently selects data for label query and adds data to training [26]. The key to active learning is the design of the query method, that is, what kind of data are considered to be the most worthy for labeling, which can greatly improve the performance of the network after labeling. The existing methods are based on uncertainty, diversity, and model parameter change. In another way, we can also think that the design of the active learning query method is also a method to evaluate the information quality of data. For example, many scholars use entropy to evaluate the robustness, uncertainty, and diversity of data. They put forward some methods to evaluate the information quality of data [27,28,29]. However, the existing methods do not comprehensively consider a variety of indicators of data, and the existing remote sensing image information quality evaluation methods are still relatively limited. They cannot provide good guidance for image collection and labeling, so there is still a lot of research space for active learning technology based on aerial scene image information quality evaluation.



Our work is to design an active learning method for remote sensing image information quality evaluation based on node entropy. The method is from the perspective of remote sensing image information quality, comprehensively considering the diversity and representativeness of remote sensing image selection. It is a useful attempt to evaluate the information quality of remote sensing images.The method can provide a reference for the remote sensing image collection and labeling.




3. The Proposed Method


The remote sensing image information quality evaluation method via node entropy includes two modules. The first module is the node selection module, which is used to select the nodes of the initially labeled dataset. The second module is the remote sensing image quality evaluation module based on node entropy, which is used to select representative remote sensing images with high information quality. The node selection module lays the foundation for the subsequent remote sensing image quality evaluation module via node entropy, and the two together constitute the remote sensing image quality evaluation method via node entropy.



When evaluating the information quality of remote sensing images, the specific implementation steps are as follows. First, the initially labeled dataset is fed into the node selection module to obtain initially labeled node images. Then, through the remote sensing image information quality evaluation module via node entropy, the information quality of unlabeled images is obtained by using the initially labeled node images.



When this method is combined with the active learning image selection strategy, the initially labeled dataset and unlabeled dataset need to be input into the node selection module, respectively, to obtain the initially labeled node images and unlabeled node images. Then, it is not necessary to obtain the information quality of each unlabeled image, but only the information quality of each unlabeled node image needs to be obtained. Finally, the node image with high information quality is labeled, and together with the initially labeled data, the final training set is formed. The node image with low information quality is put back into the unlabeled dataset.



The method overview is shown in Figure 1. Section 3.1 introduces the node selection module, and Section 3.2 introduces the remote sensing image information quality evaluation module via node entropy.



3.1. The Node Selection Module


Before introducing the node selection module, we introduce the concept of nodes. A node can be understood as a representative image point or as a point that can represent more images. To distinguish the concept of nodes, we define each image point as a child point. The following is the node selection method:



First, use the embeddings   f  ( 1 )   ,   f  ( 2 )   ,⋯,   f  ( n )    of each image   x  ( 1 )   ,   x  ( 2 )   ,⋯,   x  ( n )    in the dataset to calculate the distance between each image:


   d  i j   =    | |    f  ( i )   −  f  ( j )     | |   2   



(1)




where   f  ( i )    and   f  ( j )    are the embeddings of the ResNet-18 feature vector after training, and   d  i j    is the Euclidean distance between them.



Then, form the distances between the images into a numerically ascending sequence:


  D =    d 1  ,  d 2  , ⋯ ,  d  n * n      



(2)







Next, use the quartile method to calculate the threshold for identifying nodes in the dataset:


  β =  d q   



(3)




where q is the index in the ascending sequence D.



The equation for q is:


  q = f l o o r (  n 2  / 4 )  



(4)







For each image, if the distance from other images is less than the threshold  β , the two child points are considered to be connected to each other, and the number of connections between the two images is:


  v a l  (  x  ( i )   ,  x  ( j )   )  =      1 ,   d  i j   < β        0 ,   d  i j   ≥ β        



(5)







The number of connections for each image is the sum of the number of connections between it and each image:


   P i  =  ∑  j = 1  n   v a l (  x  ( i )   ,  x  ( j )   )   



(6)







The number of connections of the i-th image can be understood as the number of images (including the image itself) that the i-th image can represent.



The steps of node selection are as follows: firstly, calculate the connection number of each image in the dataset to be selected; secondly, select the image with the largest connection number in the dataset to be selected as the node image; thirdly, clear the child points connected with the node image from the dataset to be selected (these child points are no longer considered as node images). Repeat the above three steps until there is no image in the dataset.




3.2. Remote Sensing Image Information Quality Evaluation Module via Node Entropy


The remote sensing image quality evaluation via node entropy is to use the existing m labeled image nodes   L =   x  l  ( 1 )    ,  x  l  ( 2 )    , ⋯ ,  x  l  ( m )       to calculate and evaluate the image   x k   information quality.



First, calculate the distance from the image to each labeled image node:


   d  k  l i    =    | |    f  ( k )   −  f  (  l i  )     | |   2   



(7)







Then, normalize the data of the distance between the labeled node images and the images:


   d  k  l i     ′   =    d  k  l i       ∑  i = 1  m    d  k  l i        



(8)







Finally, use these distances to calculate the node entropy of the image:


   E  p o i n t   = −  ∑  i = 1  m    d  k  l i     ′   · l o  g 2   d  k  l i     ′     



(9)







The calculation result of node entropy is the result of remote sensing image quality evaluation proposed in this paper. The image with large node entropy contains high quality information.



The steps of selecting high information quality images into the training set are as follows: first, the node selection module is used to calculate the node images in the initially labeled dataset; second, the node selection module is used to calculate the node images in the unlabeled dataset; third, the node image with the largest node entropy in the unlabeled dataset is labeled and added to the training set; fourth, the child points connected with the images selected in the third step from the unlabeled dataset are temporarily removed. Repeat the process of the third step and the fourth step until the budget is exhausted or the unlabeled dataset is empty. If the budget is not exhausted, and there are no other images in the unlabeled dataset, consider selecting the images with large node entropy from the images removed in the fourth step. This can ensure as much as possible that there are fewer similar images in the training set.



When labeling the collection images, the node images with high node entropy are first added to the training set. This is determined by the calculation formula of node entropy, as Equation (9).   d  k  l i     ′    are the normalized values, as Equation (8). In this case, node entropy is maximum only when the values of   d  k  l i     ′    are close or even equal. That is, when the distance between the image and each node image is close or equal. If the node entropy is large, the image is located close to a decision boundary.



If the remote sensing information quality evaluation method is combined with the active learning image screening strategy, this module should evaluate the unlabeled node images and add the node images with large node entropy to the training set. It is not necessary to calculate the node entropy of all images, which can avoid adding a large number of similar images to the training set at the same time.





4. Experiments


In this paper, we conduct extensive experiments using the ResNet-18 [30] network on two public remote sensing datasets, AID [18] and RSSCN7 [31]. The method proposed in this paper is compared with the experimental results of random selection and the existing methods based on entropy [28] and learning loss [12]. The results prove the effectiveness of the method proposed in this paper.



4.1. Datasets and Segmentation


In this paper, we use two public remote sensing datasets AID and RSSCN7. The AID dataset contains a total of 30 classes of images, each class contains 200–400 images, with a total of 10,000 images. The pixels of each image are 600 × 600.



Some images are shown in Figure 2. The RSSCN7 dataset contains a total of 7 classes of images, each class of images contains 400 images, a total of 2800 images, and the pixels of each image are 400 × 400. Some images are shown in Figure 3.



When conducting the validation experiments, we adopt the commonly used dataset segmentation method. First, the dataset is divided into the training set and testing set roughly according to the ratio of 4:1, and the number of images of each class is equal. The AID testing set has 70 images per class, for a total of 2100 images. The RSSCN7 testing set has 80 images per class, for a total of 560 images. Regard the training set as the pool set, and 20% of the pool set images are used as the initially labeled dataset. The budget for each image collection and addition is 20% of the pool set images.




4.2. Experimental Settings


In this paper, training is carried out on a 3.2-GHz CPU and a Titan Xp GPU. In each cycle, the model is trained for 200 epochs with the cosine annealing learning rate. ResNet-18 is selected for both feature extraction network and training network. Ensure the batch size and the training data augmentation method in the experiment are consistent. These settings can ensure the validity of the experiments. Finally choose to start 200 rounds of training from zero like most active learning methods [32] because this can avoid the uncertainty of transfer learning. In this way, the comparative experiment and ablation experiment will be more rigorous.




4.3. Comparative Experiment


Based on the remote sensing image information quality evaluation method, this paper combines it with the active learning strategy. To verify the effectiveness of the combined active learning method, we compare the method proposed in this paper with the currently widely used active learning image selection methods. Comparable methods include the entropy-based method [28], and the learning-loss method [12]. The comparative experimental results are shown in Figure 4 and Figure 5.



From the experimental results, all active learning methods outperform randomly selected ones. Compared with the existing active learning methods, the strategy formed by the combination of remote sensing image information quality evaluation method proposed in this paper and active learning image selection has certain advantages.




4.4. Ablation Experiment


We conducted ablation research to check the effectiveness of the two modules of the proposed method, including the node selection module and the remote sensing image quality evaluation module via node entropy. The ablation variants we consider are: (1) eliminate the node selection module in the pool set; and (2) eliminate the remote sensing image quality evaluation module via node entropy. We conducted experiments on the above two public datasets, and the experimental results are shown in Table 1 and Table 2.



From the ablation experimental results, the elimination of the node selection module in the pool set, the elimination of the remote sensing image quality evaluation module via node entropy, and the complete module have better experimental results than the randomly selected experimental results, of which the complete module has the best experimental results. The reason for such experimental results is that the node selection module in the pool set can select representative data in the pool set to avoid too many redundant data being selected and added. The remote sensing image quality evaluation module based on node entropy can select the node images in the pool set that are as far away as possible from the node images in the initially labeled dataset. Such node images are easier to be located at the decision boundary of various images and have greater uncertainty. Therefore, the experimental effect of the complete model considering multiple indexes is better than that of the ablation variant model considering only a single index, and both of them will be better than that of the random select experiment.





5. Discussion


In the discussion part, we will discuss the motivation, reasons, limitations, and future prospects.



5.1. Motivation


The existing remote sensing public datasets generally have a limited amount of data, which is caused by the high cost and time-consuming process of acquisition. In this case, the information quality evaluation method of remote sensing images is needed to guide the collection and annotation of remote sensing images.




5.2. Reasons


The method in this paper achieved good experimental results in image selection for two reasons. The first reason is that the node selection module can select representative node images, reducing the redundancy of images. For the convenience of understanding and explanation, we show some nodes and child points in the RSSCN7 initial datasets, as shown in Figure 6. The number of nodes selected in our experiment is related to the characteristics of the dataset to be selected.



It can be seen from the figure that there is an obvious similarity between the node images and the connected child points, and the child points connected by different node images can be significantly different. Selecting the node images can effectively reduce data redundancy. The results prove that the node images selected by our node selection module are representative.



The second reason is that the remote sensing image information quality evaluation module via node entropy can select the samples that are as far away from the existing nodes as possible, making the images easier to appear on the decision boundary, taking into account the uncertainty of sample selection and the diversity of samples in the training set.



Calculating node images in a large amount of unlabeled images can avoid a large number of similar images being selected into the training set. When calculating the node entropy, the distance between the unlabeled node image and the initially labeled node images needs to be calculated. Unlabeled node images with the same distance from each initially labeled node image as far as possible are considered to be located on their boundaries. Such images have a large node entropy. Adding these images to the training set can provide a larger amount of information. This can refer to the data with similar confidence levels of each class in the classification task, which are more unable to determine which class they belong to. Such data have a larger amount of information.



To confirm this, we show the results of the following experiments in the discussion. We select 100 images with large node entropy, 100 images with small node entropy, and 100 images randomly selected from the unlabeled dataset for testing. The model used for testing is the model trained with the initially labeled dataset. The confusion matrix results are shown in Figure 7.



From the analysis of the test results, it can be seen that the test results of images with large node entropy are lower than those of images with small node entropy, and the test results of randomly selected images are in the middle of them. In addition, some images with high node entropy can be correctly classified for the following reasons. The first point is that the classification ability of the network is relatively strong, and the test results can reach 82% in the randomly selected testing set. The second point is that there are differences in the similarity between classes, and there are differences in the recognition accuracy of images on the classification boundary. From the confusion matrix, the recognition accuracy of the first, second, third, fifth, and sixth classes of images is higher, and the recognition accuracy of the zeroth and fourth classes of images is lower. Because there are large differences between the first, second, third, fifth, and sixth classes of images and other classes of images, this is consistent with the situation in the sample diagram in Figure 3.




5.3. Limitations and Future Prospects


This paper mainly presents a method to evaluate the information quality of remote sensing images. In order to verify the effectiveness of the evaluation method, the method is combined with the active learning image selection strategy.



The method in this manuscript takes into account the similarity between remote sensing images and the situation on the decision boundary, so it can effectively improve the experimental effect of classification tasks. The specific application can be reflected in datasets such as aerial scene classification. For the segmentation task and the regression prediction task [33,34], we need to propose some new methods to evaluate the information quality of remote sensing data, which also provides a new direction for our research. In the future, we will expand our research to these aspects and propose some new information quality evaluation methods. We will propose more quantitative evaluation indicators to guide the remote sensing data collection and labeling process and effectively reduce the cost of data collection.





6. Conclusions


In this paper, we propose a new method for evaluating the information quality of remote sensing images based on node entropy. This method is set as an active learning image selection strategy, which can comprehensively consider the diversity and uncertainty of image selection and focus on reducing the redundancy of image selection. Experiments are conducted on two public remote sensing image datasets, and it is proved that the proposed method can achieve better aerial scene classification results than existing methods under the same budget. In the future, we will continue to study remote sensing image information quality evaluation methods, strive to achieve better results with less collection and labeling budget, and provide efficient sampling guidance in areas with high data collection and labeling costs.
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Figure 1. Method overview. Combine the remote sensing image information quality evaluation method via node entropy with the active learning image selection strategy. The node selection module selects the node images in the initially labeled dataset and the unlabeled dataset. The remote sensing image information quality evaluation module evaluates the information quality of the node images according to the node entropy in the unlabeled datasets. Initially, labeled datasets and high information quality node images from unlabeled datasets are selected to form the final training set. The marking parts of the pentagram are the key modules of this research. 
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Figure 2. AID dataset. The AID dataset contains 30 classes of images, each class contains 200–400 images. Some of the images are shown in the figure. 
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Figure 3. RSSCN7 dataset. The RSSCN7 dataset contains 7 classes of images, each class contain 400 images. Some of the images are shown in the figure. 
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Figure 4. Comparative experiment on AID dataset. 
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Figure 5. Comparative experiment on RSSCN7 dataset. 
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Figure 6. Node images on RSSCN7 dataset.The figure shows four classes in the RSSCN7 dataset: Grass, Field, Forest, and Resident. In each class, three node images and child points connected with them are displayed. 
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Figure 7. The test results of 100 images with large node entropy, 100 images with small node entropy, and 100 images randomly selected from the RSSCN7 unlabeled dataset. 
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Table 1. Ablation study on AID.
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Method

	
20%

	
40%

	
60%

	
80%

	
100%






	
Randomly

	
79.86%

	
82.62%

	
85.55%

	
88.19%

	
92.48%




	
Eliminating the node selection module

	
87.05%

	
89.12%

	
90.84%




	
Eliminating image quality evaluation module

	
87.53%

	
88.52%

	
90.31%




	
Complete module

	
87.70%

	
90.81%

	
91.68%
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Table 2. Ablation study on RSSCN7.
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Method

	
20%

	
40%

	
60%

	
80%

	
100%






	
Randomly

	
82.23%

	
83.87%

	
85.58%

	
88.06%

	
90.37%




	
Eliminating the node selection module

	
84.52%

	
86.81%

	
88.58%




	
Eliminating image quality evaluation module

	
85.21%

	
86.39%

	
88.23%




	
Complete module

	
86.07%

	
87.85%

	
89.39%
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